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Abstract
This paper quantifies the impact of the Hartz reforms on matching efficiency, using
monthly SOEP gross worker flows (1983-2009). We show that, until the early 2000s, close
to 60% of changes in the unemployment rate are due to changes in the inflow rate (job
separation). On the contrary, since the implementation of the reforms in the mid-2000s,
the importance of the outflow rate (job finding) has been steadily increasing. This indicates
that matching efficiency has improved substantially in recent years. Results from an esti-
mated matching function — pointing to efficiency gains of more than 20% — corroborate
this finding.
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1 Introduction
Following the financial crisis, unemployment rates across most European countries surged to
unprecedented levels — particularly in the southern periphery. In contrast to this dramatic de-
velopment, the trend of the German unemployment rate started to decline in 2005 and continued
to fall even during the Great Recession. The resulting drop in the German unemployment rate
is often attributed, at least in part, to the so-called “Hartz reforms”, a series of labor market
reforms implemented by the German government in the years 2003-2005 (Sala et al. 2012). The
Hartz reforms aimed at increasing the efficiency of the matching process by stimulating the
search effort of the unemployed (Fahr & Sunde 2009) and by re-organizing the Federal Employ-
ment Agency into a customer-orientated service provider (Jacobi & Kluve 2007). Due to the
extremely favorable performance of the German labor market in recent years, many European
countries are currently planning to undertake similar structural reforms of their national labor
markets (Ehlers et al. 2012).
Despite the good reputation of the Hartz reforms among policy advisors, scientific evidence
on its macroeconomic effectiveness remains inconclusive and mixed. Using calibrated macro
models, Krebs & Scheffel (2010) as well as Krause & Uhlig (2012) find that the Hartz reforms
have reduced the equilibrium unemployment rate substantially. Launov & Wälde (2010), by
contrast, argue that the effects are rather close to zero. Most empirical policy evaluations
(Fertig et al. 2007, Fahr & Sunde 2009, Klinger & Rothe 2012), on the other hand, are based on
regional and/or occupational panel data from the Federal Employment Agency. However, due
to several methodological breaks, the time series published prior to January 2008 are not fully
consistent (Bundesagentur für Arbeit 2009, Section 4.1.2). These limitations make it difficult to
obtain reliable estimates on the effect of the Hartz reforms, even though the authors make best
efforts to take these issues into account (see Fahr & Sunde 2009, pp. 292–294).
This paper, instead, quantifies the macroeconomic effectiveness of the Hartz reforms using
long time series on aggregate labor market transition rates.1 In particular, we test the hypothesis
of higher matching efficiency in the post-Hartz period on two different grounds.2 First, we
decompose the fluctuations of the German unemployment rate into changes in the two underlying
channels — the inflow rate (job separation) and the outflow rate (job finding) — and examine
whether the relative contributions are stable over time. We show that, until the early 2000s, close
to 60% of changes in the unemployment rate are due to changes in the inflow rate — whereas
the reverse situation prevails in the United States.3 This finding corroborates the conclusion
by Jung & Kuhn (2011) that the German labor market suffers from a low degree of matching
efficiency. Furthermore, we provide evidence that the dominance of inflows over outflows is a
1The only other paper, to our knowledge, that uses aggregate labor market transition rates in a similar
context is the one by Klinger & Weber (2012). Based on a correlated unobserved components model, the authors
decompose the inward shift of the German Beveridge curve occurring in the mid-2000s.
2As is standard in this strand of the literature (Barnichon & Figura 2011), we define matching efficiency as
the Solow residual of an aggregate matching function with the observed levels of unemployment and vacancies as
explanatory variables. Improvements in the Solow residual may, therefore, reflect a more efficient organization
of the Federal Employment Agency as well as increased search effort of the unemployed. The study of questions
related to mismatch unemployment (Şahin et al. 2012), however, is beyond the scope of this paper.
3Interestingly, in the United Kingdom, the relative contributions show a cyclical pattern. While inflows
dominate during recessions, outflows dominate in periods of moderation (Smith 2011).
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very robust feature across all demographic subsamples but the young.4 Since the implementation
of the Hartz reforms, however, the importance of the outflow rate has been steadily increasing,
indicating a substantial improvement in matching efficiency. Second, we quantify these effects
by estimating an empirical matching function (Petrongolo & Pissarides 2001), where we allow
for a structural break around the year 2003. Our estimates – which are robust across various
specifications — point to efficiency gains of more than 20%.
For this purpose, we use West-German SOEP gross worker flows from 1983-2009. The
household survey data are representative for the entire population in Germany and provide de-
tailed information on each individual’s labor market status at a monthly frequency. Moreover,
SOEP data allow us to study not only transitions between employment and unemployment, but
also indirect transitions involving inactivity. This is important, as indirect transitions account
for roughly 20% of all transitions between employment and unemployment. Furthermore, we
document that the SOEP unemployment rate behaves very similarly to the West-German un-
employment rate according to the ILO definition. This facilitates comparisons of the situation
in West-Germany with evidence from the CPS for the United States. This is advantageous, as
the United States serves as a well-understood benchmark case (Yashiv 2008, Elsby et al. 2009,
Fujita & Ramey 2009, Shimer 2012) of a flexible labor market with stable institutions.
In order to decompose the fluctuations in the West-German unemployment rate, we use the
non-steady state approach developed by Elsby et al. (2011) and Smith (2011). Compared to
the steady state approach pioneered by Fujita & Ramey (2009) and Shimer (2012) — which is
nested as a special case — the non-steady state method is able to capture the sluggishness of
the West-German labor market more appropriately.5 In recent years, both methods have been
applied to German data. However, the picture remains disturbingly opaque. Jung & Kuhn
(2011), based on a steady state decomposition of IAB gross worker flows, find that the inflow
rate is more important than the outflow rate; Elsby et al. (2011), based on a non-steady state
decomposition of annual OECD unemployment duration data, observe approximately a 50:50
split; and Nordmeier (2012), based on a non-steady state decomposition of IAB gross worker
flows, argues that the outflow rate is more important than the inflow rate.
As demonstrated by Jung & Kuhn (2011), the observed dominance of inflows over outflows
can consistently be replicated by a job matching model with endogenous separations (den Haan
et al. 2000); calibrated with low matching efficiency for West-Germany and high matching
efficiency for the United States. The dominance of inflows over outflows is driven by the fact
that the relative volatility of the inflow rate in West-Germany is larger by factor four, while the
relative volatility of the outflow rate is similar across countries. In addition, we note that labor
market transition rates in West-Germany are smaller by an order of magnitude.
By contrast, when the low level of both transition rates is matched by calibrating the West-
German model economy with high unemployment benefits and high firing costs, the model of
Jung & Kuhn (2011) generates not only the required amplification in the inflow rate, but also a
counterfactual amplification in the outflow rate. The key difference between the two channels is
4Jung & Kuhn (2011), in contrast, find the described pattern only in the male subsample and in the subsample
of medium skilled workers (see Table I in their paper).
5Adaptations of the steady state methodology to European economies include Petrongolo & Pissarides (2008)
for the UK, France, and Spain; Gomes (2011) for the UK, using a longer sample period; and Şengül (2012) for
Turkey. The non-steady state approach has been applied to French data by Hairault et al. (2012).
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that low matching efficiency leaves the relative volatility of the match surplus unchanged, while
the calibration with high unemployment benefits and high firing costs increases the relative
volatility of the match surplus — which causes the counterfactual amplification in the outflow
rate (following the argument made by Hagedorn & Manovskii 2008). Moreover, we note that
other potential sources, e.g. wage rigidity or union density also fail to replicate the first and
second moments of both transition rates (Jung & Kuhn 2011).
The remainder of this paper is organized as follows. Section (2) describes the data con-
struction. Section (3) presents the non-steady state decomposition method. Section (4) studies
the “ins and outs” of unemployment in West-Germany. Section (5) examines the impact of the
Hartz reforms on matching efficiency. Section (6) concludes.
2 Data
We measure gross worker flows between the labor force states of employment, E, unemployment,
U , and inactivity, I, using the German Socio-Economic Panel (SOEP) for West-Germany and
the Current Population Survey6 (CPS) for the United States. Both data sets are representative
household surveys, which ensures best possible comparability. The raw data are from the period
1983M1-2009M12. We reconcile the West-German data set using overlapping information. This
requires that we drop all observations prior to 1984M1. In the following analysis, both recon-
ciled West-German data and U.S. data are treated equally. In particular, we first take 12-month
centered moving averages in order to remove high-frequency movements including seasonal vari-
ations. Second, we estimate weights in order to reconcile measured stocks and flows. Third,
we correct for time aggregation bias in the data. The resulting final sample covers the period
1984M7-2009M6.
2.1 Direct and Indirect Transition Rates
We consider a three-state model, where individuals are either employed, E, unemployed, U , or
inactive, I. In continuous time, these three states evolve according to the following system of
equations:
U˙t =λEUt Et + λIUt It −
(
λUEt + λUIt
)
Ut, (1)
E˙t =λUEt Ut + λIEt It −
(
λEUt + λEIt
)
Et, (2)
I˙t =λUIt Ut + λEIt Et −
(
λIUt + λIEt
)
It, (3)
where λXYt denotes the instantaneous transition rate from labor force state X to labor force
state Y at time t; i.e., λXYt = XYt/Xt−1. In the steady state, when all three labor force states
are constant; i.e., U˙t = E˙t = I˙t = 0, we can express the steady state unemployment rate, u∗t , as:
u∗t =
st
st + ft
=
(
λEUt + λEIt
λIUt
λIUt +λIEt
)
(
λEUt + λEIt
λIUt
λIUt +λIEt
)
+
(
λUEt + λUIt
λIEt
λIUt +λIEt
) , (4)
6The data are available from the following website: http : //www.nber.org/data/cps_basic.html.
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where the total inflow rate, st, is defined as the sum of the direct transition rate from employment
to unemployment, λEUt , plus the indirect transition rate, λEIUt . The latter is given by the product
of the transition rate from employment to inactivity, λEIt , times the share of inactivity exits to
unemployment. The total outflow rate, ft, is defined accordingly.
2.2 West-German Data
The SOEP is an annual survey of households representative for the entire population in Ger-
many.7 Launched in 1984, it constitutes the longest-running household survey in Europe span-
ning more than three complete business cycles (Haile 2009). The West-German sample covers,
on average, 10,134 individuals aged 16-65. Individual weights are adjusted to the marginal distri-
butions of age, gender, and nationality. Moreover, the SOEP attempts to relocate all individuals
interviewed in the preceding wave. The share of successful follow-ups is remarkable; with more
than 25% of first-wave respondents still being interviewed after 27 years in 2010 (ignoring deaths
and moves abroad).8
At the annual interview, individuals are asked to fill in a detailed questionnaire on their
current socio-economic situation —– including their current labor force status, C-LFS, the inci-
dence of job change since the last interview, JOBCH, the start date of the current job, SCJ, the
end date of the last job, ELJ, and the start date of the last job, SLJ –— and a calendar form
that collects the historical labor force status, H-LFS, for each month of the preceding year.9 In-
dividual respondents are only allowed to declare themselves “unemployed” if they are registered
accordingly at the Federal Employment Agency. If multiple labor force states are recorded for
a single person in a given month, we prioritize employment, E, over unemployment, U , over
inactivity, I (see Table 1).10 The current SOEP (2011) version covers historical calendar data
from 1983-2009 (which was collected in the years 1984-2010). The calendar data entries allow
us to estimate aggregate labor market transition rates at a monthly frequency.
In addition, in order to facilitate comparison, the left panel of Figure (1) depicts the annual
West-German unemployment rate according to the ILO definition (red solid line), the unemploy-
ment rate in our SOEP sample (blue dashed line), and the official West-German unemployment
rate (black solid line).11 Compared to the ILO unemployment rate, we note a difference in
level, which changes over the business cycle, but does not display a long-term trend. We also
7Gross worker flows from the IAB, in contrast, are not representative for the entire population in Germany,
as the IAB data set covers only employment subject to social security contributions and officially registered
unemployment (Bachmann & Schaffner 2009). For this reason, civil servants, self-employed individuals (who
together make up about 15% of the labor force, see Bundesagentur für Arbeit 2012a) and inactive individuals are
observationally equivalent in this data set.
8For more detailed information see the official documentation (Kroh 2011).
9Given that JOBCH is available only at an annual frequency, we are unable include job-to-job transitions in
this analysis.
10Note that giving multiple answers is not necessarily contradictory. For instance, an individual may have
changed her labor force state in the middle of the month. Furthermore, being officially registered as unemployed
does not rule out a certain form of part-time employment, so-called “mini-jobs”. According to the ILO definition,
our prioritization procedure ensures that these individuals are considered as employed (see also Table 1).
11The ILO unemployment rate is taken from microcensus data (Statistisches Bundesamt 2010), missing values
prior to 2005 are fitted using other non-IL0 microcensus data (Statistisches Bundesamt 2012, the correlation
coefficient between the two series is 0.9995 for the overlapping sample). The official West-German unemployment
rate is taken from the Deutsche Bundesbank (2012) Time Series Databases. The gray shaded areas in Figure (1)
denote recessions dated by the Sachverständigenrat zur Begutachtung der gesamtwirtschaftlichen Entwicklung
(2009, p. 260) and the NBER (2010), respectively.
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note that the level of the SOEP unemployment rate is lower than the level of the official rate,
given that we consider all individuals as employed who are registered as unemployed at the
Federal Employment Agency, but who hold a so-called “mini-job” (see Kluve et al. 2009, and
Footnote 10). However, the level difference between these two rates is stable only until the mid-
2000s. In January 2005, the Hartz IV reform widened the official definition of unemployment
(Hartmann 2005), which explains why the hike in the official rate does not show up either in
the ILO unemployment rate or in the SOEP unemployment rate. In the following years, the
level difference seems to have diminished over time. This may be due to changes in the social
security law criteria that aimed at increasing the incentives for job search (Statistische Ämter
des Bundes und der Länder 2012, p. 36). Moreover, in first differences (see the right panel of
Figure 1), we note that the SOEP unemployment rate leads the official rate and is more volatile
at high frequencies (which is likely due to sampling error). Otherwise, both series behave very
similarly.
2.2.1 Reconciling Inconsistent Calendar Data Entries
As pointed out byWolff (1998) and Jürges (2007), information drawn from retrospective calendar
data may be prone to systematic recall error. Even though the recall period in SOEP data is
rather short, we address this potential bias by using a reconciliation method based on overlapping
information of two consecutive years.12 Therefore, all calendar data from the year 1983 or the
entire first year of appearance of an individual are used for reconciliation purposes only, but
ignored in the following analysis. In total, our reconciliation procedure reduces the average
number of individuals from 10,134 to 9,044 in a typical month.
We assume that the statement on the current labor force status, C-LFS, is the most reliable
source of information, followed up by JOBCH, SCJ, ELJ, and SLJ (where available). Therefore,
we first check the consistency of the C-LFS entry of the current year, the C-LFS entry of the pre-
vious year, and the JOBCH entry. If there is any contradiction, we delete the individual calendar
data between the last and the current interview (including the months of the current and the
last interview). If the reported information is consistent, we further check whether the pattern
is in line with the reported information on SCJ, ELJ, and SLJ. We also delete the individual
calendar data when SCJ or ELJ is ’missing’ or when the month of the interview is not known.
In the following, we categorize the answers of the individual respondents (see Sub-section A.1
in the Appendix) and manipulate the calendar data accordingly (see Sub-section A.2).
Individuals without a recent employment spell (JOBCH: ’not employed’) are not able to an-
swer SCJ appropriately. Hence, the present reconciliation procedure risks being biased toward
a certain subsample. Therefore, we extend the reconciliation procedure in order to eliminate
potentially spurious transitions between the labor force states unemployment, U , and inactiv-
ity, I; e.g., U -I-U or I-U -I. We first check whether the C-LFS entry of both unemployed and
inactive individuals without a recent employment spell at the time of the interview is identical
to the H-LFS entry i = 5 months after/prior to the interview.13 If this is the case, we set all
12Our reconciliation method is inspired by the work of Paull (2002) on BHPS data, but differs in several aspects
from her approach.
13We choose imax = 5, since more than 80% of the interviews were conducted before the end of April (Jürges
2007). Thus, for most individuals, we are able to compare the C-LFS entry with the H-LFS entries from the
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calendar data entries in between these bounds equal to the C-LFS entry. If this is not the case,
we iterate the procedure for i = 4, 3, 2, 1 months after/prior to the interview.
2.2.2 Margin Error Correction
As demonstrated by Fujita & Ramey (2009), panel survey data may be subject to margin error.
Accordingly, missing observations are systematically related to changes in the labor force status
and, consequently, should not be treated as random. For instance, margin error in our data
set arises when SOEP fails to follow-up an individual who changes residence after taking a
new job – even though SOEP makes best efforts to avoid this. As a result, the stock measure
of employment (left-hand side) and the corresponding flow measure (right-hand side) do not
exactly coincide:
Et−1 =EUt + EIt + EEt, (5)
Et =UEt + IEt + EEt, (6)
where, for example, EUt measures the gross worker flow from employment, E, to unemployment,
U , in period t. The corresponding stock-flow equations for the remaining two labor force states
of unemployment, U , and inactivity, I, are defined accordingly.
In order to reconcile stock and flow measures in our data set, we perform the following
margin error correction procedure.14 First, we split the sample into “German” males, “German”
females, and “foreigners”.15 Thus, we explicitly control for gender composition effects — the
most important source of margin error effects in U.S. data (Bleakley et al. 1999). Second,
we smooth the stocks and the flows by taking 12-month centered moving averages. Given
that the West-German labor market is characterized by relatively low transition rates, we are
able to observe only slightly more than 100 transitions between the three labor force states
from one typical month to the next — even though the reconciled SOEP data set covers on
average 9,044 individuals. In particular, the average number of transitions between the states
unemployment, U , and inactivity, I, is below ten, which inevitably results in large percentage
changes from one month to the next. The 12-month centered moving average removes these
high-frequency movements including seasonal variations (Fujita et al. 2007). Third, for each
of the nine measured gross worker flows — including EE(t), UU(t), and II(t) — we estimate
a fixed weight16 in order to reconcile aggregate stocks and flows. Therefore, we normalize the
measured gross worker flows, zij , as follows:
µij(t) =
zij(t)∑
i
∑
j zij(t)
, i, j = E,U, I. (7)
current and the previous year. This allows us to eliminate spurious transitions at the beginning/end of the calendar
year (so-called “seam bias” or “heaping”, see Kraus & Steiner 1998, Wolff & Augustin 2003). Thus, in contrast to
Biewen & Wilke (2005), we are unable to observe a peak in the UE transition rates at an unemployment duration
of about 12 months (see Figure 2).
14The current paragraph follows largely the procedure described in Fujita & Ramey (2009). Further technical
details can be found in the corresponding working paper version (Fujita & Ramey 2007).
15Note that the “foreigner” sample covers households with a household head from one of the five traditional
immigrant nationalities in West-Germany (Greek, Italian, Spanish, Turkish, and Former-Yugoslavian). The
“German sample” covers all other households.
16Due to data limitations, we are unable to estimate time-varying weights as in Fujita & Ramey (2009).
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The adjusted measure of gross flows, γij(t), is defined as:
γij(t) =
µij(t)θij∑
i
∑
j µij(t)θij
, (8)
where θij is the weight that captures the percentage factor by which the normalized flow, µij ,
must be exponentiated in order to minimize the squared difference between the stocks implied
by the fitted flows and the reported stocks. We estimate the weights using the following system
of nonlinear equations:
xi∗(t) =
∑
j
γij(t) + i∗(t), i = E,U, I, (9)
x∗j(t) =
∑
i
γij(t) + ∗j(t), j = E,U, I, (10)
where xi∗(t) and x∗j(t) indicate the SOEP stocks at the beginning of months t − 1 and t,
respectively. Finally, we merge the weighted three subsamples in order to obtain the full margin
error corrected sample for West-Germany.
2.2.3 Time Aggregation
We measure instantaneous transition rates between labor force states using survey data which
are available at discrete points in time only. However, direct measures of gross worker flows may
be biased downward — given that workers may experience more than one transition between two
observation points (Shimer 2012). Evidence from German IAB data indicates that these “time-
aggregation” effects are not only important in the United States — where labor force transition
rates are substantially higher — but also in Germany.17 Therefore, in the following, we estimate
instantaneous labor force transition rates using a continuous-time model that encompasses all
transitions between two observation points.18
2.2.4 Subsamples
We analyze the properties of the full sample for West-Germany, the “Foreigner” sample (see
Footnote 15), the “German” sample, and the “German” sample disaggregated by gender, age
(young, prime-age, and old), and educational background (low-skilled and high-skilled). We
define the set of prime-age individuals using changes in the labor force participation rate (see
Figure 3). We observe that the labor force participation rate of the population in West-Germany
is extremely stable between the ages 29 and 49; i.e., the change in the labor force participation
rate from one cohort to the next is below one percentage point. High-skilled individuals are
required to hold a degree qualifying for admission to a university of applied sciences (“Fach-
hochschulreife”) or higher.
17In particular, Nordmeier (2012) argues that time-aggregation effects seem to bias not only the level, but also
the cyclicality of the estimated labor force transition rates.
18See Shimer (2012, pp. 133–134) and the Mathematica code available on the corresponding website: http :
//sites.google.com/site/robertshimer/research/flows.
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2.3 United States
Launched in 1948, the CPS is the major source of U.S. labor market statistics, including the
official measures of unemployment and labor force participation. The CPS is designed as a
rotating panel; i.e., households are surveyed for four consecutive months, rotated out for the
next eight months, and then surveyed again for another four consecutive months. In an average
month, the CPS covers 67,045 individuals aged 16-65. We match individual records across
periods using the code of Shimer (2012). Due to panel rotation, at most 75% of all individuals
can be matched from one month to the next. In practice, however, the share of matched records
is considerably lower. As no attempt is made to follow-up individuals who change residence
(Fujita et al. 2007), we note that panel attrition in the CPS is more severe than in SOEP data.
As mentioned above, both reconciled West-German data and U.S. data are treated equally.
In particular, we take 12-month centered moving averages in order to remove high-frequency
movements including seasonal variations, we estimate fixed weights in order to reconcile mea-
sured stocks and flows (for this purpose, we split the sample into males and females), and we
correct for time aggregation bias.
In order to define the sample of prime-age workers (here: all cohorts between 25 and 49 years),
we apply the same criterion as for SOEP data; i.e. the change in the labor force participation
rate must be below one percentage point from one cohort to the next (see Figure 3). High-skilled
individuals are required to have completed at least “some college”.
2.4 Comparative Descriptive Statistics
Figure (4) depicts the unadjusted and adjusted total inflow and total outflow rate, respectively,
for both countries.19 The graphs illustrate that our data treatment procedure affects mainly their
level, rather than their cyclical behavior. In particular, we find that the margin error correction
reduces the level of both series in both countries, while the time aggregation adjustment has the
opposite effect. In West-Germany, the impact of margin error correction seems quantitatively
more important. In the United States, on the other hand, the effects of time aggregation
adjustment are substantially larger than the effects of the margin error correction.
Tables (2) and (3) summarize the first and second moments, respectively, for West-Germany
and the United States. We observe that the average unemployment rate for the period 1984M7-
2009M6 is close to 5.5% in both countries. However, compared to the United States, the transi-
tion rates in West-Germany are lower by an order of magnitude (see also Schmidt 2000, Gartner
et al. 2012). Indirect transitions via inactivity constitute about 18% (females: 22%) of all tran-
sitions in West-Germany and even more than 28% (females: 32%) in the United States. Young
adult unemployment seems to be a more serious problem in the United States (U=11.6%) than
in West-Germany (U=5.0%), while the older unemployed in West-Germany have a very hard
time finding a job (F=3.0%). In both countries, the level of education seems to be a very
important determinant of the sample-specific unemployment rate. In West-Germany, the un-
employment rate in the high-skilled subsample (U = 2.5%) is lower than in the low-skilled
subsample (U = 5.9%), since high-skilled individuals find new jobs much faster (F=13.8%)
19The total inflow and the total outflow rate are defined in Equation (4).
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than their low-skilled counterparts (F=5.2%). In the United States, on the other hand, the
unemployment rate in the high-skilled subsample (U = 2.8%) is lower than in the low-skilled
subsample (U = 7.1%), since the risk of job loss is substantially higher for low-skilled individuals
(S=3.7%) than for high-skilled individuals (S=1.6%).
Figure (5) illustrates the total inflow rate, the total outflow rate, and the sample-specific
unemployment rate in both countries. From 1990 to 2005, the West-German unemployment
rate displays a protracted rise, which was only shortly interrupted between the years 1997-2000.
Since 2005, we note a gradual but steady decline. Importantly, the unemployment rate continued
to fall even during the Great Recession.20 Over the full sample period, the unemployment rate
co-moves positively with the total inflow rate and negatively with the total outflow rate, where
— at first glance — the cyclical co-movement with the total inflow rate seems stronger. We also
note that both transition rates are subject to substantial high-frequency variations.
Quite surprisingly, the observed pattern in the United States is very different. After a long-
lasting downward trend, which started in the mid-1980s, the U.S. unemployment rate reached
a bottom at the beginning of the new millennium. Between the years 2000 and 2007, the U.S.
unemployment rate remained at low level. After the outbreak of the Great Recession, however,
we observe a steep increase. In contrast to West-Germany, the cyclical co-movement between
the unemployment rate and the total inflow rate seems stronger than the cyclical co-movement
with the total outflow rate. We also note that both transition rates exhibit much weaker high-
frequency movements than in West-Germany. This observation is very likely due to the fact
that the average number of individuals in the CPS is larger by factor eight (see Table 2).
3 Dynamic Decomposition Model
The following section presents a method to decompose changes in the unemployment rate into
changes in the total inflow rate and changes in the total outflow rate — both directly and
indirectly via inactivity. We quantify the relative importance of these channels using the non-
steady state decomposition method developed by Smith (2011).
3.1 Steady State Decomposition
3.1.1 Formal Derivation
As demonstrated by Shimer (2012), Equation (4) can be used to decompose changes in the steady
state unemployment rate, ∆u∗t /u∗t−1, into changes in the total inflow rate, st, and changes in
the total outflow rate, ft. Therefore, we take first differences and re-arrange terms in order to
obtain:21
∆u∗t
u∗t−1
= (1− u∗t )
(∆st
st−1
)
︸ ︷︷ ︸
C¯St
− (u∗t /u∗t−1) (1− u∗t−1)(∆ftft−1
)
︸ ︷︷ ︸
C¯Ft
, (11)
20As documented by Burda & Hunt (2011), Germany experienced an even sharper decline in GDP than the
United States.
21Equation (11) is not identical to Equation (8) in Smith (2011) as we do not approximate u∗t by u∗t−1.
9
where C¯St and C¯Ft represent the contributions of percentage changes in the total inflow rate and
the total outflow rate, respectively, to percentage changes in the steady state unemployment
rate. Furthermore, we are able to decompose C¯St and C¯Ft into changes in the direct and the
indirect components (which are defined accordingly):
∆u∗t
u∗t−1
=
C¯EUt︷ ︸︸ ︷
(1− u∗t )
st−1
∆λEUt +
C¯EIUt︷ ︸︸ ︷
(1− u∗t )
st−1
∆
[
λEIt λ
IU
t
λIUt + λIEt
]
(12)
− u
∗
t
u∗t−1
(1− u∗t−1)
ft−1
∆λUEt︸ ︷︷ ︸
C¯UEt
− u
∗
t
u∗t−1
(1− u∗t−1)
ft−1
∆
[
λUIt λ
IE
t
λIUt + λIEt
]
︸ ︷︷ ︸
C¯UIEt
Following Fujita & Ramey (2009), the relative contribution of margin X to the variability
in the steady state unemployment rate in a given sample period can be quantified as:
β∗,X =
Cov
(
∆u∗t /u∗t−1, C¯Xt
)
Var
(
∆u∗t /u∗t−1
) (13)
3.1.2 Applicability in Practice
In recent years, the steady state decomposition method has attracted a great deal of attention,
with a particular focus on the United States (Yashiv 2008, Elsby et al. 2009, Fujita & Ramey
2009, Shimer 2012). Adaptations of this methodology to European economies include Petrongolo
& Pissarides (2008) for the UK, France, and Spain; Gomes (2011) for the UK, using a longer
sample period; Şengül (2012) for Turkey; and Jung & Kuhn (2011), using German IAB data
(see also Footnote 7).
The steady state decomposition method accurately determines the “ins and outs” of unem-
ployment if changes in the actual unemployment rate, ut, are sufficiently well approximated by
changes in the steady state unemployment rate, u∗t . The right panel of Figure (6) illustrates
that, in the United States, both time series behave remarkably similar at business cycle fre-
quencies as well as in first differences. We only note that the volatility of the differenced steady
state unemployment rate is slightly higher. Thus, it is a straightforward exercise to decompose
changes in the unemployment rate into changes in the underlying transition rates.
Unfortunately, however, the United States is a major exception. In West-Germany, as in
most other developed economies, the steady state unemployment rate does not serve as a good
approximation, but only as a noisy indicator which leads the actual unemployment rate by
almost one year. Even more importantly, in first differences, the volatility of the steady state
unemployment rate is greater by several orders of magnitude (see the left panel of Figure 6).
The reason why the steady state unemployment rate constitutes a very good approximation
of the actual unemployment rate in the United States — but not in West-Germany — is the
level of the underlying transition rates. In the United States, both the total inflow rate, st, and
the total outflow rate, ft, are on average greater by an order of magnitude (see Table 2). This
is important, as the sum of the two transition rates determines the rate of convergence of the
actual unemployment rate to its flow steady state value. As documented by Elsby et al. (2009),
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the U.S. unemployment rate converges very fast — the half-life of a deviation from the flow
steady state value is only about one month. In West-Germany, by contrast, our estimates imply
that the half-life of a deviation is more than nine months.
Due to the sluggish behavior of the West-German labor market, large percentage changes
in the underlying transition rates (represented by large percentage changes in the steady state
unemployment rate) have only a partial contemporaneous effect on the current actual unemploy-
ment rate (Elsby et al. 2011, Footnote 26). This explains the large discrepancy between these
two time series in first differences. However, as further argued by these authors, the decompo-
sition exercise based on Equation (13) erroneously attributes the full effect contemporaneously.
Therefore, we observe that changes in the transition rates “explain” more than 164% of the
movements in the actual West-German unemployment rate. Obviously, this method is unable
to provide reasonable estimates for the driving forces of unemployment variation in countries
with low labor market transition rates.
3.2 Non-Steady State Decomposition
In order to account for the sluggish labor market adjustments in West-Germany, we decompose
the ins and outs of unemployment using the dynamic factor approach developed by Elsby et al.
(2011) and Smith (2011). The starting point of this decomposition method is the law of motion
of the actual unemployment rate, ut:
u˙t = (1− ut)st − ftut (14)
ut =
st
st + ft︸ ︷︷ ︸
u∗t
− u˙t
st + ft
(15)
where implicitly zero labor force growth, I˙ = 0, is assumed; i.e., workers may flow between all
three labor force states, but the change in the number of unemployed workers, U˙t, is assumed to
equal the negative of the change in the number of employed workers, −E˙t, at all times.22.Next,
we differentiate Equation (15) with respect to time t, discretize, and rearrange terms. This
yields the following recursive structure:
∆ut =
∆u∗t
u∗t−1
st−1(st + ft)
(st + ft)2 + (st−1 + ft−1)︸ ︷︷ ︸
Ft
+∆ut−1
(st + ft)
(st + ft)2 + (st−1 + ft−1)︸ ︷︷ ︸
Gt
+t (16)
where the residual, t, captures violations of maintained assumptions; i.e., zero labor force
growth, constant transition rates within months, or linearity (Smith 2011). According to Equa-
tion (16), the change in the actual unemployment rate, ∆ut, is a function of the percentage
change in the steady state unemployment rate, ∆u∗t /u∗t−1, and the lagged change in the actual
unemployment rate, ∆ut−1; with time-varying coefficients, Ft and Gt, respectively. The mean
value of Ft/u∗t−1 can be interpreted as the average monthly rate of convergence, the mean value
22In our sample period, labor force growth averages around 0.0005 on a monthly basis (Statistisches Bundesamt
2012), while the sum of the two transition rates, ft+ st = 0.063, is greater by more than two orders of magnitude
(see Table 2). Thus, allowing for labor force growth seems quantitatively not important (Elsby et al. 2011)
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of Gt is the corresponding autoregressive coefficient which represents the impact of past changes
in the underlying transition rates on the current unemployment rate. In West-Germany, we ob-
serve that the average monthly rate of convergence is only 6%, compared to 37% in the United
States. This result illustrates formally that the (change in the) steady state unemployment rate
approximates the (change in the) actual unemployment rate reasonably well if — and only if —
the underlying labor market transition rates are sufficiently large.
The top left panel of Figure (7) displays the time path of the actual West-German unem-
ployment rate, ut, represented by the blue dashed line, and the time path of the unemployment
rate generated by the right-hand side of Equation (16), ∆uRHSt , represented by the red solid
line. We observe that the generated unemployment rate is about one percentage point lower
(due to the initial deviation from steady state), but the cyclical properties are extremely similar.
In addition, the bottom left panel of Figure (7) shows that the theoretical relationship holds
remarkably well also in first differences (note the striking difference compared to Figure 6).
Moreover, in the United States, the two time series are virtually identical — both in levels and
in first differences.
The advantage of the representation in Equation (16) is that the percentage change in the
steady state unemployment rate, ∆u∗t /u∗t−1, can be decomposed into the steady state contri-
butions of total inflows and total outflows (see Equation 11). We then iterate the resulting
expression ad infinitum. Consequently, the dynamic contributions of total inflows and total
outflows, respectively, are given as (see Appendix C):
CSt = FtC¯St +GtCSt−1 (17)
CFt = −FtC¯Ft −GtCFt−1 (18)
where CS0 = CF0 = 0. Figure (8) depicts the time paths of the dynamic contributions (red
solid line) and the first difference of the actual unemployment rate (blue dashed line) for both
countries. The graphs confirm the impression drawn from Figure (5). In West-Germany, the
co-movement between ∆ut and CSt seems closer than with CFt , whereas in the United States the
reverse situation prevails. In addition, analogously to Equation (12), we are able to decompose
both CSt and CFt into changes in the direct and the indirect components (not shown here).
Finally, we quantify the relative contribution of margin X to the variability in the actual
unemployment rate in two stages. First, we compute the β-values between the change in the
actual unemployment rate, ut, on the one hand, and the change in the unemployment rate
generated by the right-hand side of Equation (16), ∆uRHSt , and the residual, t, on the other
hand:23
βU =
Cov
(
∆ut,∆uRHSt
)
Var
(
∆ut
) , β = Cov
(
∆ut, t
)
Var
(
∆ut
) (19)
23The advantage of our two-stage procedure is that, by construction, the relative contributions of the total
inflow rate and the total outflow rate add up to one.
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Second, we compute the average contribution of margin X to changes in ∆uRHSt :
βX =
Cov
(
∆uRHSt , CXt
)
Var
(
∆uRHSt
) (20)
where, in order to capture deviations from the steady state in the initial period, the first 18
data points are discarded.24 Consequently, the relative contributions are estimated based on the
period 1986M1-2009M6.
4 The Ins and Outs of Unemployment in West-Germany
We now study the “ins and outs” of unemployment in West-Germany. First, we present descrip-
tive statistics of the data described in Section (2). Second, we analyze the relative contributions
of changes in the total inflow and the total outflow rate to the variability in the actual unemploy-
ment rate; i.e., the “difference specification”. Third, we examine the corresponding estimates at
medium and low frequencies; i.e, the “bandpass filter specification”. This allows us to analyze
whether the relative importance of inflows and outflows differs along the frequency domain.
4.1 Difference Specification
In the United States, there seems to be consensus that movements in the total outflow rate are
the principal driving force of fluctuations in the U.S. unemployment rate.25 In Germany, on the
other hand, the picture remains disturbingly opaque. Jung & Kuhn (2011), based on a steady
state decomposition of IAB gross worker flows, find that the inflow rate is more important than
the ouflow rate; Elsby et al. (2011), based on a non-steady state decomposition of annual OECD
unemployment duration data,26 observe approximately a 50:50 split; and Nordmeier (2012),
based on a non-steady state decomposition of IAB gross worker flows, argues that the outflow
rate is more important than the inflow rate. To our knowledge, the latter work is the only study
that has attempted to conduct a non-steady state decomposition using German gross worker
flows so far. In contrast to our paper, however, Nordmeier considers only two labor force states
(employment and unemployment) and defines unemployment more broadly than we do.
Overall Model Fit Table (4) shows the decomposition results for West-Germany and the
United States. The estimate in the first row, βU , measures the overall model fit (see Equa-
tion 19). In the full sample representative for the entire population in West-Germany, the
dynamic decomposition accounts for 83% of all changes in the actual unemployment rate, ∆ut.
Put differently, 17% of all changes in the actual unemployment rate remain unexplained. The
24The lower left panel of Figure (7) shows that the impact of deviations from the steady state in the initial
period vanishes after about 18 months.
25The estimates range from close to 50% (Fujita & Ramey 2009) to 75% (Shimer 2012).
26We prefer to use gross worker flows, as duration dependence in the total outflow rate may bias the conclusions
drawn from unemployment duration data. Elsby et al. (2011) are unable to reject the null hypothesis of no
duration dependence at the 99% significance level, but they reject the null hypothesis at the 95% significance
level. Figure (2) illustrates that, in our sample, the UE transition rate exhibits substantial duration dependence.
Similar evidence for the United States is provided by Shimer (2008, Figure 1).
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discrepancy is very likely due to sampling error. Note, therefore, that the fit of the “full sam-
ple” (9,044 observation on average) is superior to the fit of the “German sample” (81%, with
7,577 observations on average), even though the fit of the “foreigner sample” (61%, with 1467
observations on average) is clearly worse. In the United States, on the other hand, where the
average number of observations is larger by factor eight, we observe that the model fit is much
better (98% for the full sample). Moreover, consistent with the sampling error hypothesis, we
also note that the model fit of small U.S. subsamples (e.g., the young or the old) is somewhat
lower (about 89%). The sampling error hypothesis is also confirmed by the near-unity (0.93)
correlation coefficient between the log number of observations and the estimated model fit across
all subsamples.
West-Germany Table (4a) displays the decomposition results for all West-German subsam-
ples. We observe that, in the full sample, changes in the total inflow rate account for 59% of all
changes in uRHSt (see Equation 19), only 40% are due to changes in the total outflow rate. Most
of the variability, about 80%, is due to direct transitions between employment and unemploy-
ment, while 20% of the variablility is due indirect transitions through inactivity. Moreover, we
find that the dominance of inflows over outflows is very robust across all demographic subsam-
ples but the young. Transitions involving inactivity are particularly important for “foreigners”
and females. By comparsion, Jung & Kuhn (2011), based on a steady state decomposition, also
find that inflows dominate over outflows in the German labor market. However, their results
indicate that this pattern is mainly driven by males and medium skilled workers (see Table I in
their paper).
United States Table (4b) illustrates the decomposition results for all U.S. subsamples. In
stark contrast to West-Germany, only 20% of all changes in uRHSt (see Equation 19) are due to
changes in the total inflow rate, while 80% are due to changes in the total outflow rate. The
relative importance of direct (82%) and indirect (18%) transitions, on the other hand, is very
similar to the West-German sample. The dominance of outflows over inflows is robust across
all subsamples, while the importance of inflows seems to increase during the working life. Also,
in the male subsample, outflows seem somewhat more important than in the female subsample.
Transitions involving inactivity are particularly important for females and the old.
Discussion The decomposition exercise has shown that, in West-Germany, changes in the
total inflow rate are the most important driving force of changes in the actual unemployment
rate — whereas the reverse situation prevails in the United States.27 This result is driven by the
fact that the relative volatility of the total inflow rate in West-Germany is larger by factor four,
while the relative volatility of the total outflow rate is similar across countries (see Table 3). In
addition, we note that labor market transition rates in West-Germany are smaller by an order of
magnitude (see Table 2). Based on the theoretical work by Jung & Kuhn (2011), the following
section provides an intuition whether the observed pattern can consistently be replicated by a
matching model with endogenous job separations (den Haan et al. 2000).
27In both countries, the relative contributions seems to be stable over the business cycle. In the United Kingdom,
by contrast, inflows dominate during recessions, while outflows dominate in periods of moderation (Smith 2011).
14
First, we consider the case when the model is calibrated with low matching efficiency for
West-Germany and high matching efficiency for the United States. Low matching efficiency —
caused e.g. by low occupational and/or regional mobility among the labor force — reduces the
total outflow rate and, thus, the worker’s outside option. This implies that the match surplus in
West-Germany is much larger. Importantly, the relative volatility of the match surplus remains
unchanged, since both the surplus size and its absolute volatility increase by the same proportion.
Given that the relative volatility of the total outflow rate is determined by the relative volatility
of the match surplus to productivity shocks (Hagedorn & Manovskii 2008), the model predicts,
consistently with the data, that the relative volatility of the total outflow rate is similar across
countries. On the other hand, the rise in the surplus size reduces the incentives to separate
after a negative technology shock. As a result, the total inflow rate falls. Furthermore, the
relative volatility of the total inflow rate increases as it depends on the absolute volatility of the
match surplus to productivity shocks. Therefore, we note that the calibrated model qualitatively
replicates the pattern observed in the data.
In addition, we study cross-country differences in the worker’s bargaining power, representing
e.g. higher union density in West-Germany. We find that this channel has similar implications
as low matching efficiency, but its amplification mechanism is much smaller. Intuitively, the
potential of this mechanism depends on the difference between the worker’s bargaining power
and the matching elasticity of the unemployment rate; i.e., the deviation from the Hosios (1990)
condition.28 Thus, this channel is only able to match the relative volatility of the total inflow rate
if the worker’s bargaining power is close to unity — which in turn implies that the unemployment
rate mounts up to more than 20%.
Alternatively, the low level of mean transition rates can also be replicated by calibrating the
West-German model economy with high unemployment benefits and high firing costs.29 The
generosity of unemployment benefits dampens the total outflow rate and increases the total
inflow rate, whereas the impact of high firing costs on both transition rates is negative. As a
result, for reasonable parameter values, the level of both transition rates falls. The key difference
to the model with low matching efficiency is that an increase in unemployment benefits increases
both the absolute and the relative volatility of the match surplus; i.e, the size of the match surplus
does not increase by the same proportion. More precisely, we note that the effect on the match
surplus is ambiguous — as the higher flow income during unemployment increases the worker’s
outside option, but the lower probability of finding a job has the opposite effect. Thus, by the
same reasoning as under low matching efficiency, the rise in the absolute volatility of the match
surplus amplifies the relative volatility of the total inflow rate. On the other hand, the rise in the
relative volatility of the match surplus generates a counterfactual amplification in the relative
volatility of the total outflow rate (again, following the argument by Hagedorn & Manovskii
2008). For this reason, a job matching model calibrated with high unemployment benefits and
high firing costs is unable to qualitatively match the data.
28In addition, note that our estimates for the matching elasticity of the unemployment rate using West-German
data (see Section 5.2) are even higher than the corresponding values for the United States (Brügemann 2008).
29Evidence on the generosity of unemployment benefits and the extent of firing restrictions across countries is
provided e.g. Nickell et al. (2005) or Faccini & Rosazza Bondibene (2012).
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Furthermore, we learn that the introduction of wage rigidity leaves the mean transition rates
unchanged, but amplifies both the total inflow and the total outflow rate (see also Bertola &
Rogerson 1997). For this reason, the role of this factor seems unlikely to be important in this
context. Hence, in summary, the evidence presented in this section corroborates the conclu-
sion by Jung & Kuhn (2011) that low matching efficiency in the West-German labor market
constitutes a very important determinant in explaining the observed cross-country differences.
4.2 Bandpass Filter Specification
In the previous section, we have analyzed the determinants of changes in the actual unemploy-
ment rate. However, at least in the United States, there seems to be consensus that the increase
in the unemployment rate at the start of a recession is driven by a sharp spike in the inflow
rate. During the subsequent recovery, the unemployment rate remains at a high level as the
outflow rate falls persistently below the long-term average (Fujita & Ramey 2009, Rogerson
& Shimer 2011). In other words, movements in the inflow rate are reported to occur at high
frequencies, while movements in the outflow rate seem more important at lower frequencies.30
For this reason, we examine the corresponding estimates also at medium and low frequencies.
Therefore, we remove the high frequencies below eight years from all series using the bandpass
filter of Christiano & Fitzgerald (2003) prior to estimation of the relative contributions.
Table (5) and Figures (9)-(10) summarize the results for West-Germany and the United
States. All major conclusions are robust to this specification. Put differently, the importance
of the total inflow rate in West-Germany prevails not only at high, but also at medium and
low frequencies. Furthermore, we observe that the model fit of all West-German subsamples
improves considerably. This indicates that a great deal of unexplained variation in the difference
specification can indeed be explained by high-frequency noise due to sampling error.
5 Before and After the Hartz Reforms
The main aim of the Hartz reforms was to improve the efficiency of the matching process by
stimulating the search effort of the unemployed (Fahr & Sunde 2009) and by re-organizing
the Federal Employment Agency into a customer-orientated service center (Jacobi & Kluve
2007). In the following, we test the macroeconomic effectiveness of this policy change on two
different grounds. First, we examine whether the relative contributions of the total inflow
rate (job separation) and the total outflow rate (job finding) to unemployment variability have
changed after the mid-2000s. Following the results discussed in Section (4.1), we expect than an
improvement in matching efficiency manifests itself as a rise in the relative contribution of the
total outflow rate. Second, we estimate an empirical matching function (Petrongolo & Pissarides
2001) where we allow for a structural break around the year 2003. As is standard in this strand
of the literature (Barnichon & Figura 2011), we define matching efficiency as the Solow residual
of an aggregate matching function with the observed levels of unemployment and vacancies as
explanatory variables.
30Note that part of the high-frequency movements in our data set has been already removed by the 12-month
centered moving average filter. As argued by Elsby et al. (2011, Footnote 12), it is mainly the inflow rate that
exhibits such high-frequency variations.
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5.1 Evidence from the Ins and Outs
The West-German labor market underwent a series of institutional changes in our sample period
(see Ebbinghaus & Eichhorst 2006, Table 1). For instance, in 1996, the first so-called “Sparpaket”
(austerity plan) liberalized the use of temporary employment contracts. As a result, the OECD
overall index “strictness of employment protection” dropped from 3.09 in 1996 to 2.34 in 1997
(see Figure 11). Moreover, in the years 2003-2005, the German government implemented a
series of reforms, the so-called Hartz reforms, that introduced a large number of new measures
with emphasis on activation policies (e.g. stricter mobility requirements, shorter duration of
unemployment insurance benefits for older workers, replacement of earnings-related with means-
tested unemployment benefits). In addition, the Hartz reforms also involved the reorganization
of the Federal Employment Agency. In the following, we examine whether these policy changes
are associated with changes in the estimated relative contributions.
Figure (12) displays the centered 95% confidence bands of the point estimates when we
estimate the relative contributions of total inflows and total outflows using an eight-year rolling
window (such that the estimates capture one full business cycle). We observe that, until the
early 2000s, the relative contributions are stable and very close to their long-term average.
Since then, however, the relative importance of the total outflow rate (red solid line) has been
steadily increasing. The last data point, estimating the average relative contributions for the
subsample 2001M7-2009M6, implies that both total inflows (blue dashed line) and total outflows
contribute about 50% to the changes in the unemployment rate. Furthermore, we observe that
the vanishing dominance of the total inflow rate over the last decade goes along with a drop in
the cyclical volatility of the total inflow rate (see the right panel of Figure 13).
The rising importance of the total outflow rate, in conjunction with the falling cyclical
volatility of the total inflow rate, is consistent with the predictions of the model by Jung &
Kuhn (2011). Prior to the early 2000s, low matching efficiency used to be the main friction in
the labor market. For this reason, the 1996 Sparpaket did not change the pattern significantly.
The Hartz reforms, instead, focused on improving matching efficiency. Our results indicate that
this policy change has in fact improved the efficiency of the matching process, which manifests
itself as a rise in the contribution of total outflows to unemployment variability.
5.2 Evidence from a Matching Function
In addition to this, we test the hypothesis of higher matching efficiency since the mid-2000s
using a standard matching function (Petrongolo & Pissarides 2001). The matching function
postulates that the current matching rate, mt, is a function of the vacancy rate, vt, and the
unemployment rate, ut:
mt = χvαt u1−αt ⇒ (21)
f(θt) = mt/ut = χθα, where θ = vt/ut (22)
Owing to constant returns to scale, the job finding rate, f(θt), is a function of labor market
tightness, θt, only. Matching efficiency is governed by the parameter χ. For this reason, if the
Hartz reforms have increased matching efficiency significantly, we expect to observe a structural
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break around the year 2003 when we regress the log job finding rate (here: total outflow rate),
f(θt), on log labor market tightness, θt. The only missing variable in order to estimate Equa-
tion (22) is the vacancy rate, vt. Therefore, we divide the 12-month centered moving average
of the West-German job vacancy series (Bundesagentur für Arbeit 2012b) by the corresponding
labor force (Statistisches Bundesamt 2012).31
The top left panel of Figure (14) depicts the evolution of the log total outflow rate (blue
dashed line) and log labor market tightness (red solid line). Both time series show a pro-cyclical
pattern, particularly labor market tightness. From peak to trough, the v/u ratio falls by about
one log point in a typical recession, while the cyclical volatility of the total outflow rate is
somewhat weaker. We also note that the log total outflow rate exhibits more high-frequency
variation than log labor market tightness. At low frequencies, both series display long cycles.
In particular, the downward trend in the (total) outflow rate after 1990 has been extensively
documented in the literature (Schmidt 2000, Bachmann 2007, Jung & Kuhn 2011, Nordmeier
2012). This pattern, suggesting a deterioration in matching efficiency, may actually be caused
by changes in the composition of the labor force (Barnichon & Figura 2011). Indeed, Figure (14)
shows that, from 1984 to 2009, the share of young labor force members — characterized by a
relatively high total outflow rate f(θ¯) = 10.2% — has decreased from 27% to 18%, while the
share of old labor force members — characerized by a relatively low total outflow rate f(θ¯)
= 3.0% — has increased from 21% to 28% (see also Table 2). Thus, it seems very plausible
that the ageing of the labor force has contributed to the decline in the total outflow rate. In
addition, at the same time, the share of female labor force members has increased from 40% to
49%. However, the average of the total outflow rate of females, f(θ¯) = 6.6%, is only slightly
below the male average, f(θ¯) = 7.4%. For this reason, it seems unlikely that the rising trend
in female labor force participation is a major driving force of the downward trend in the total
outflow rate. Moreover, due to rising educational attaintment, the share of high-skilled labor
force members has increased from 26% to 39% in our sample period. Yet, as the average total
outflow rate of high-skilled invidiuals, f(θ¯) = 13.8%, is more than twice as large than the average
total outflow rate of low-skilled individuals, f(θ¯) = 5.2%, rising educational attaintment clearly
did not cause, but rather dampened the downward trend in the total outflow rate.
Therefore, when estimating Equation (22), we control for all the demographic factors men-
tioned above.32 The covariance matrix of the coefficients is determined using the Newey & West
(1987) estimator.33 Thus, we allow for autocorrelation in the error term. Table (6) shows that
the baseline model fits the data reasonably well.34 As expected, we estimate a significantly pos-
itive coefficient for the share of young labor force members, a significantly negative coefficient
for the share of old labor force members, and a significantly positive coefficient for the share of
31Note that the vacancy series “gemeldete Stellen” comprises both subsidized and unsubsidized vacancies. The
vacancy series “gemeldete Arbeitsstellen”, covering unsubsidized vacancies only, is not available before January
2000. The annual West-German labor force including West-Berlin is only available until 2004. We extend the
time series using the growth rate of the German labor force for 2005 and the growth rate of the West-German
labor force excluding West-Berlin thereafter. Finally, we interpolate the resulting series to a monthly frequency.
32To be precise, we include the log trend component of the four demographic factors, after having filtered out
all frequencies below eight years using the default Christiano & Fitzgerald (2003) bandpass filter (see Figure 14).
33Both the NW bandwidth = 14 and the NW lag length = 5 are determined automatically.
34Furthermore, it would be interesting to adopt the decomposition method suggested by Barnichon & Figura
(2012). However, due to the small sample size of the SOEP compared to the CPS, we are unable to split the
sample in more than three demographic subsamples at the same time.
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high-skilled labor force members (see column 1). Only the sign of the coefficient for the share
of female labor force members seems counterintuitive, but its magnitude is relatively low and
the level of significance is not very high. The coefficient of log labor market tightness is equal
to 0.20 and statistically significant at the 99% level.
Next, in order to test the hypothesis of higher matching efficiency, we include a level dummy
in 2003M9 (see clolumn 2, “benchmark specification”).35 We observe that the level dummy
is highly significant and that its inclusion improves the goodness of fit as well as the Durbin-
Watson test statistics. The estimated coefficient of the level dummy is equal to 0.23, implying
that matching efficiency has increased by 23% in late 2003 (see also the top right panel of
Figure 14). Moreover, the sign and the magnitude of all demographic controls is intuitive
and the coefficients are statistically significant — except for the share of females in the labor
force, which seems insignificant across most specifications. The estimated coefficient of log labor
market tightness, corresponding to the parameter α in equation (22), is equal to 0.32. This
value is almost identical to the estimate by Burda & Wyplosz (1994) for the pre-unification era.
Further robustness checks reveal that the 66% confidence bands of the coefficient of the va-
cancy rate (0.23) and the negative coefficient of the unemployment rate (−0.45) are overlapping
when the two variables enter the estimation equation separately (column 3). This indicates that
the imposed specification with constant returns to scale approximates the matching process in
West-Germany sufficiently well. In addition, we obtain virtually identical results as in column 2
when we use the lagged value of log labor market tightness as an instrumental variable (not
shown here). In order to control for cyclical movements in the quality of the unemployment
pool,36 we additionally control for GDP growth (column 4). We find that the sign of the coef-
ficient is negative, but statistically insignificant. All other results remain virtually unchanged.
The results are also similar, but the goodness of fit is slightly worse, when we use the UEt transi-
tion rate (as in Barnichon & Figura 2012), instead of the total outflow rate, ft, as the endogenous
variable in the estimation equation (column 5). In column 6, we additionally include the lagged
value of log market tightness as an independent variable. Thus, in the absence of more detailed
data for the whole sample period, we control not only for the current level of market tightness,
but also for the change between the current and the past period; i.e., the “stock” and the “flow”
(Coles & Smith 1998). We find that the sum of the coefficients of the current and lagged value
of log labor market tightness matches the value in column 2 closely. Moreover, the estimated
coefficent of the Hartz dummy is somewhat lower (10%), but remains statistically significant at
the 95% level. The specification in column 7 controls for autocorrelation in the error term by
including the lagged total outflow rate as an exogenous variable. The estimated coefficient of
the lagged total outflow rate implies that the long-run impact of the dummy variable is equal
to 0.04/(1 − 0.89) = 0.39. Column 8 reports the results for the post 2000M7 subsample. As
demographic developments are less important within a single decade, we do not include the set
of control variables for this exercise. We find that the coefficient of log labor market tightness
is virtually identical, but the coefficient of the level dummy is somewhat lower. Interestingly, as
35We infer the exact dating of the breakpoint; i.e., after the introduction of Hartz I&II, but before the imple-
mentation of Hartz III (Ebbinghaus & Eichhorst 2006, Table 1), from the Quandt-Andrews test statistics.
36On the one hand, Pries (2008) surveys evidence that recessions are associated with disproportionate increases
in unemployment among low-skilled workers. On the other hand, Barnichon & Figura (2011) argue that the
fraction of long-term unemployed and the fraction of permanent job losers lags the business cycle.
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can be seen in column 9, our results are also very similar when we estimate the post 2000M7
subsample using the new vacancy series “gemeldete Arbeitsstellen” instead of the old series
“gemeldete Stellen” (see Footnote 31).
In summary, our results imply that matching efficiency has increased substantially in the
mid-2000s. In our benchmark specification, the level dummy indicates an increase in matching
efficiency by 23%.37 Moreover, the secular decline in the total outflow rate after 1990 seems to
be due to demographic factors and not to a deterioration in the matching process. This finding
is consistent with the results of our analysis in Section (5.1).
6 Conclusion
This paper evaluates the macroeconomic effectiveness of the Hartz reforms on matching effi-
ciency in the West-German labor market. For this purpose, we use monthly SOEP gross worker
flows from 1983-2009, which are representative for the entire population. We quantify the impact
of the reforms on two different grounds. First, following Smith (2011), we examine whether the
relative contributions of the inflow rate (job separation) and the outflow rate (job finding) to un-
employment variability have changed after the mid-2000s. Second, we test for a structural break
in matching efficiency around the year 2003 using a standard matching function (Petrongolo &
Pissarides 2001).
We show that, until the early 2000s, close to 60% of changes in the actual unemployment
rate are due to changes in the inflow rate. On the other hand, since the implementation of the
Hartz reforms in the mid-2000s, the importance of the outflow rate has been steadily increasing.
The rising importance of the outflow rate, in conjunction with the falling cyclical volatility of
the inflow rate, indicates a substantial increase in matching efficiency (Jung & Kuhn 2011).
Results from an estimated matching function — pointing to efficiency gains of more than 20%
— corroborate this finding.
As soon as more recent data are available, it would be interesting to evaluate the behavior
of the German labor market during the Great Recession. Its extremely favorable performance
— sometimes referred to as the German labor market “miracle” (Möller 2010) — has attracted
a great deal of attention in the literature (Sala et al. 2012). Following Şahin et al. (2012),
panel data could be used in order to measure the magnitude of the sectoral and/or geographical
mismatch in the German labor market. The study of such questions, however, is beyond the
scope of this paper.
37This value implies a reduction in the steady state unemployment rate by about 20%. This estimate is in the
same range as the ones by Krebs & Scheffel (2010) or Krause & Uhlig (2012).
20
References
Bachmann, R. (2007), Labor market dynamics in Germany: Hirings, separations, and job-to-job
transitions over the business cycle, Unpublished manuscript, RWI Essen.
Bachmann, R. & Schaffner, S. (2009), Biases in the measurement of labour market dynamics,
Technical Report No. 12/2009, Technische Universität Dortmund, SFB 475.
Barnichon, R. & Figura, A. (2011), Labor market heterogeneities, matching efficiency, and the
cyclical behavior of the job finding rate, Unpublished manuscript, CREi & Universitat Pompeu
Fabra and Federal Reserve Board.
Barnichon, R. & Figura, A. (2012), The determinants of the cycles and trends in U.S. unem-
ployment, Unpublished manuscript, CREi & Universitat Pompeu Fabra and Federal Reserve
Board.
Bertola, G. & Rogerson, R. (1997), ‘Institutions and labor reallocation’, European Economic
Review 41(6), 1147–1171.
Biewen, M. & Wilke, R. (2005), ‘Unemployment duration and the length of entitlement peri-
ods for unemployment benefits: Do the IAB employment subsample and the German Socio-
Economic Panel yield the same results?’, AStA Advances in Statistical Analysis 89(2), 209–
236.
Bleakley, H., Ferris, A. E. & Fuhrer, J. C. (1999), ‘New data on worker flows during business
cycles’, New England Economic Review Jul, 49–76.
Brügemann, B. (2008), What elasticity of the matching function is consistent with U.S. aggregate
labor market data?, Unpublished manuscript, Yale Department of Economics.
Bundesagentur für Arbeit (2009), Statistik der Arbeitslosen und Arbeitssuchenden, Qualitäts-
bericht, Statistik.
Bundesagentur für Arbeit (2012a), Bezugsgrößen zur Berechnung der Arbeitslosenquoten,
Zeitreihe, Statistik Datenzentrum.
Bundesagentur für Arbeit (2012b), West, Germany, Vacancies, Unfilled, Total [D-West, Offene
Stellen — Insgesamt], Volume, not seasonally adjusted Mnemonic: WGUU04CCP, available
at Datastream.
Burda, M. C. & Hunt, J. (2011), ‘What explains the German labor market miracle in the Great
Recession?’, Brookings Papers on Economic Activity 42(1), 273–335.
Burda, M. & Wyplosz, C. (1994), ‘Gross worker and job flows in Europe’, European Economic
Review 38, 1287–1315.
Christiano, L. J. & Fitzgerald, T. J. (2003), ‘The band pass filter’, International Economic
Review 44(2), 435–465.
Coles, M. G. & Smith, E. (1998), ‘Marketplaces and matching’, International Economic Review
39(1), 239–54.
den Haan, W. J., Ramey, G. & Watson, J. (2000), ‘Job destruction and propagation of shocks’,
American Economic Review 90(3), 482–498.
Deutsche Bundesbank (2012), Time series BBK01.UUCY01: Unemployment rate as a percentage
of the total civilian labour force/Total/Western Germany/Unadjusted figures, Time series
databases, Macro-economic time series.
21
Ebbinghaus, B. & Eichhorst, W. (2006), Employment regulation and labor market policy in
Germany, 1991-2005, IZA Discussion Papers No. 2505, Institute for the Study of Labor.
Ehlers, F., Heyer, J. A., Pauly, C., Steinvorth, D. & Zuber, H. (2012), ‘Bitter medicine —
Belated reforms cut deep in Southern Europe’, Spiegel Online International 2012(16).
URL: http://t.co/LiEHw4ds
Elsby, M., Hobijn, B. & Şahin, A. (2011), Unemployment dynamics in the OECD, Discussion
Papers No. 11-159/3, Tinbergen Institute.
Elsby, M. W. L., Michaels, R. & Solon, G. (2009), ‘The ins and outs of cyclical unemployment’,
American Economic Journal: Macroeconomics 1(1), 84–110.
Faccini, R. & Rosazza Bondibene, C. (2012), Labour market institutions and unemployment
volatility: Evidence from OECD countries, BoE Working Papers No. 461, Bank of England.
Fahr, R. & Sunde, U. (2009), ‘Did the Hartz reforms speed-up the matching process? A macro-
evaluation using empirical matching functions’, German Economic Review 10, 284–316.
Fertig, M., Kluve, J. & Schmidt, C. M. (2007), ‘Die makroökonomische Wirkung aktiver Ar-
beitsmarktpolitik: Eine Panelanalyse auf Ebene regionaler Arbeitsmärkte (the macroeconomic
impact of active labor market policy: A longitudinal analysis for regional labor markets)’,
Zeitschrift für ArbeitsmarktForschung 39(3/4), 575–601.
Fujita, S., Nekarda, C. J. & Ramey, G. (2007), The cyclicality of worker flows: New evidence
from the SIPP, Working Papers No. 07-5, Federal Reserve Bank of Philadelphia.
Fujita, S. & Ramey, G. (2007), The cyclicality of separation and job finding rates, Working
Papers No. 07-19, Federal Reserve Bank of Philadelphia.
Fujita, S. & Ramey, G. (2009), ‘The cyclicality of separation and job finding rates’, International
Economic Review 50(2), 415–430.
Gartner, H., Merkl, C. & Rothe, T. (2012), ‘Sclerosis and large volatilities: Two sides of the
same coin’, Economics Letters 117(1), 106–109.
Gomes, P. M. (2011), ‘Labour market flows: Facts from the United Kingdom’, Labour Economics
19(2), 165–175.
Hagedorn, M. & Manovskii, I. (2008), ‘The cyclical behavior of equilibrium unemployment and
vacancies revisited’, American Economic Review 98(4), 1692–1706.
Haile, G. A. (2009), The nature and extent of job separations in Germany: Some new evidence
from SOEP, SOEPpapers on Multidisciplinary Panel Data Research No. 208, Deutsches In-
stitut für Wirtschaftsforschung.
Hairault, J.-O., Le Barbanchon, T. & Sopraseuth, T. (2012), The cyclicality of the separation
and job finding rates in France, IZA Discussion Paper No. 6906, Institute for the Study of
Labor.
Hartmann, M. (2005), Der Übergang von der Arbeitslosen- und Sozialhilfe zur Grundsicherung
für Arbeitssuchende, Sonderbericht, Bundesagentur für Arbeit, Nürnberg.
Hodrick, R. J. & Prescott, E. C. (1997), ‘Postwar U.S. business cycles: An empirical investiga-
tion’, Journal of Money, Credit and Banking 29(1), 1–16.
Hosios, A. J. (1990), ‘On the efficiency of matching and related models of search and unemploy-
ment’, Review of Economic Studies 57(2), 279–298.
22
Jacobi, L. & Kluve, J. (2007), ‘Before and after the Hartz reforms: The performance of active
labour market policy in Germany’, Zeitschrift für ArbeitsmarktForschung 40(1), 45–65.
Jürges, H. (2007), ‘Unemployment, life satisfaction and retrospective error’, Journal Of The
Royal Statistical Society Series A 170(1), 43–61.
Jung, P. & Kuhn, M. (2011), The era of the U.S.-Europe labor market divide: What can we
learn?, MPRA Paper No. 32322, University Library of Munich.
Klinger, S. & Rothe, T. (2012), ‘The impact of labour market reforms and economic performance
on the matching of short-term and long-term unemployed’, Scottish Journal of Political Econ-
omy 59, 90–114.
Klinger, S. & Weber, E. (2012), Decomposing beveridge curve dynamics by correlated unob-
served components, Unpublished manuscript, Institute for Employment Research, Nuremberg,
and University of Regensburg.
Kluve, J., Schaffner, S. & Schmidt, C. M. (2009), Labor force status dynamics in the German
labor market - Individual heterogeneity and cyclical sensitivity, Ruhr Economic Papers No.
0139, RWI Essen, RU Bochum, TU Dortmund, Universität Duisburg-Essen.
Kraus, F. & Steiner, V. (1998), ‘Modelling heaping effects in unemployment duration models
— with an application to retrospective event data in the German Socio-Economic Panel’,
Jahrbücher für Nationalökonomie und Statistik 217, 550–573.
Krause, M. U. & Uhlig, H. (2012), ‘Transitions in the German labor market: Structure and
crisis’, Journal of Monetary Economics 59(1), 64–79.
Krebs, T. & Scheffel, M. (2010), A macroeconomic model for the evaluation of labor market
reforms, ZEW Discussion Papers No. 10-050, Zentrum für Europäische Wirtschaftsforschung.
Kroh, M. (2011), Documentation of sample sizes and panel attrition in the German Socio-
Economic Panel (SOEP) 1984 - 2010, Data Documentation No. 59, Deutsches Institut für
Wirtschaftsforschung.
Launov, A. & Wälde, K. (2010), Estimating incentive and welfare effects of non-stationary
unemployment benefits, IZA Discussion Papers No. 4958, Institute for the Study of Labor.
Möller, J. (2010), ‘The German labor market response in the world recession: De-mystifying a
miracle’, Zeitschrift für ArbeitsmarktForschung 42(4), 325–336.
NBER (2010), ‘US business cycle expansions and contractions’.
URL: http://www.nber.org/cycles/cyclesmain.html
Newey, W. K. & West, K. D. (1987), ‘A simple, positive semi-definite, heteroskedasticity and
autocorrelation consistent covariance matrix’, Econometrica 55(3), 703–708.
Nickell, S., Nunziata, L. & Ochel, W. (2005), ‘Unemployment in the OECD since the 1960s.
What do we know?’, Economic Journal 115(500), 1–27.
Nordmeier, D. (2012), Worker flows in Germany: Inspecting the time aggregation bias, IAB
Discussion Paper No. 12/2012, Institute for Employment Research.
OECD (2012), ‘OECD indicators of employment protection’.
URL: www.oecd.org/employment/protection
Paull, G. (2002), Biases in the reporting of labour market dynamics, IFS Working Papers
No. W02/10, Institute for Fiscal Studies.
23
Petrongolo, B. & Pissarides, C. A. (2001), ‘Looking into the black box: A survey of the matching
function’, Journal of Economic Literature 39(2), 390–431.
Petrongolo, B. & Pissarides, C. A. (2008), ‘The ins and outs of European unemployment’,
American Economic Review 98(2), 256–262.
Pries, M. (2008), ‘Worker heterogeneity and labor market volatility in matching models’, Review
of Economic Dynamics 11(3), 664–678.
Rogerson, R. & Shimer, R. (2011), Search in macroeconomic models of the labor market, in
O. Ashenfelter & D. Card, eds, ‘Handbook of Labor Economics’, Vol. 4A of Handbooks in
Economics, Elsevier, Amsterdam, chapter 7, pp. 619–700.
Sachverständigenrat zur Begutachtung der gesamtwirtschaftlichen Entwicklung (2009), Die
Zukunft nicht aufs Spiel setzen, Jahresgutachten 2009/10, Statistisches Bundesamt, Wies-
baden.
Şahin, A., Song, J., Topa, G. & Violante, G. L. (2012), Mismatch unemployment, NBER Work-
ing Paper Series No. 18265, National Bureau of Economic Research.
Sala, L., Söderstrom, U. & Trigari, A. (2012), Structural and cyclical forces in the labor market
during the Great Recession: Cross-country evidence, in F. Giavazzi & K. West, eds, ‘NBER
International Seminar on Macroeconomics 2012’, University of Chicago Press, Chicago, IL.
Schmidt, C. M. (2000), ‘Persistence and the German unemployment problem: Empirical evi-
dences on German labor market flows’, Economie et Statistique 2/3, 83–95.
Şengül, G. (2012), The ins and outs of unemployment in Turkey, Working Paper No. 12/10,
Central Bank of the Republic of Turkey.
Shimer, R. (2008), ‘The probability of finding a job’, American Economic Review 98(2), 268–73.
Shimer, R. (2012), ‘Reassessing the ins and outs of unemployment’, Review of Economic Dy-
namics 15(2), 127–148.
Smith, J. C. (2011), ‘The ins and outs of UK unemployment’, Economic Journal 121(552), 402–
444.
SOEP (2011), ‘Socio-Economic Panel (SOEP), Data for years 1984-2010, Version 27’.
Statistische Ämter des Bundes und der Länder (2012), Arbeitsmärkte im Wandel, Einmalige
Veröffentlichung im Bereich “Nationaleinkommen, Sektorkonten, Arbeitsmarkt”, Statistisches
Bundesamt.
Statistisches Bundesamt (2010), ‘Fachserie 1 Bevölkerung und Erwerbstätigkeit, Reihe 4.1.1
Stand und Entwicklung der Erwerbstätigkeit’, Wiesbaden. Mikrozensus 2009.
Statistisches Bundesamt (2012), ‘Bevölkerung nach Beteiligung am Erwerbsleben’, Wiesbaden.
Ergebnisse des Mikrozensus 1957-2011.
Wolff, J. (1998), Selected Topics in Unemployment Duration in two Economies in Transition:
East-Germany and Hungary, PhD thesis, European University Institute, Florence, Italy.
Chapter 2: Errors of Recall and Retrospectively Collected Unemployment Spell Data of the
German Socio-Economic Panel-East.
Wolff, J. & Augustin, T. (2003), ‘Heaping and its consequences for duration analysis: A simu-
lation study’, Allgemeines Statistisches Archiv 87, 59–86.
Yashiv, E. (2008), ‘U.S. labor market dynamics revisited’, Scandinavian Journal of Economics
109(4), 779–806.
24
A Reconciliation Procedure
A.1 Setting Flags (pseudocode of 02_rec_all_flags.do)
Case 1: Move into Employment
• C-LFS current year: ’employed’
• C-LFS previous year: ’unemployed’ or ’inactivity’
Step 1: Check Consistency of C-LFS with JOBCH
• JOBCH: ’employed, no info if change’, ’employment with change’ or ’first time employed’
[consistent]
• JOBCH: ’not employed’, ’employed no change’ [inconsistent]
Step 2: Check Consistency of C-LFS with SCJ/ELJ/SLJ
• SCJ after last interview; ELJ before last interview or ’no last job’ [consistent, flag 21]
• both SCJ and SLJ after last interview [consistent, flag 22 and 22.5]38
• SCJ after last interview; SLJ before last interview; ELJ after last interview [inconsistent,
flag 8]
• SCJ before last interview [inconsistent, flag 9]
• SCJ ’not applicable’ [inconsistent, flag 10]39
Case 2: Remaining Employed
• C-LFS current year: ’employed’
• C-LFS previous year: ’employed’
Step 1: Check Consistency of C-LFS with JOBCH
• JOBCH: ’employed no change’, ’employed, no info if change’, ’employment, with change’
or ’first time employed’ [consistent]
• JOBCH: ’not employed’ [inconsistent]
Step 2: Check Consistency of C-LFS with SCJ/ELJ/SLJ
• SCJ/ELJ/SLJ: no job change since last interview [consistent, flag 20]
• SCJ before last interview [consistent, flag 23]
• SCJ at last interview [consistent, flag 24]
• SCJ after last interview; ELJ after last interview [consistent, flags 25 and 26]
• SCJ before last interview; ELJ after last interview [consistent, flag 27]
38Following our assumption that JOBCH is more reliable than SCJ/SLJ, we regard the pattern as ’consistent’,
even if JOBCH is equal to ’first time employed’.
39The label ’not applicable’ is not equivalent to ’missing’. Thus, ’not applicable’ is not consistent with the
C-LFS entry. Note, however, that we do not apply this rule prior to 1990 since we have very little information
on SCJ for the years 1986 through 1989.
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• SCJ after last interview; ELJ does not exist or ELJ before last interview [inconsistent,
flag 11]
• SCJ before last interview; ELJ before last interview; JOBCH ’employment, with change’
[inconsistent, flag 12]
• SCJ ’not applicable’ [inconsistent, flag 13]40
Step 3: Check Consistency of JOBCH ’first time employed’
• JOBCH ’first time employed’; C-LFS previous year ’employed’ [inconsistent, flag 14]41
• JOBCH ’first time employed’ C-LFS previous year ’employed’; SCJ up to two months
before last interview and there was no last job [consistent, overwrite flag 14 with flag 28]42
Case 3: Currently not Employed
• C-LFS current year: ’unemployed’ or ’inactivity’
• C-LFS previous year: ’employed’ or ’unemployed’ or ’inactivity’
Step 1: Check Consistency of C-LFS with JOBCH
• JOBCH: ’not employed’ [consistent]
• JOBCH: ’employed no change’, ’employed, no info if change’, ’employed, with change’ and
’first time employed’ [inconsistent]
Step 2: Check Consistency of C-LFS with SCJ/ELJ/SLJ
• SLJ after last interview; ELJ after last interview [consistent, flag 30]
• C-LFS previous year ’employed’; SLJ before last interview; ELJ after last interview [con-
sistent, flag 31]
• ELJ before last interview or there was no last job [consistent, flag 32]
• SLJ ’missing’, ELJ exists [consistent, flag 33]
• ELJ ’missing’ [inconsistent, flag 15]
• SCJ exists [inconsistent, flag 16]
• SLJ before last interview, ELJ after last interview; C-LFS of the previous year is ’unem-
ployed’ or ’inactivity’ [inconsistent, flag 17]
• ELJ before last interview or there was no last job; C-LFS of the previous year is ’employed’
[inconsistent, flag 18]
40See Footnote (39).
41JOBCH ’first time employed’ refers to the first employment spell of an individual that started between the
last and the current interview. Thus, by definition, an individual cannot be employed at the time of the last
interview.
42The pattern is inconsistent, but tolerated as the current job is indeed the first employment spell of the
individual that started at most two month before the last interview.
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A.2 Treatment of Calendar Data (pseudocode of 03_reconciliation.do)
• Delete all observations in 1983 (we do not have any C-LFS entries for 1983 and, thus, can
not perform the reconciliation procedure).
• Keep observations with at least two consecutive interviews only.
• Flags 2-4, 8, 9, 16, 17, 18: Change all entries in the calendar file to ’missing’ between the
previous and the current interview including the month of the current interview.
• Flags 5-7, 10-15: Leave everything unchanged.
• Flags 20, 23, 24, 25, 27 and 28: Set the entries in the calendar file — between the previous
and the current interview including the month of the current interview — to ’employed’ if
we can observe at least 6 months of consecutive employment in the calendar data, H-LFS.
• All other flags: We first check whether SCJ and/or ELJ (or any other information available)
corresponds to the pattern in the calendar data, H-LFS. We allow for deviations in H-LFS
by plus/minus two months. If there is no corresponding pattern, we delete all observations
from the last interview to the current interview. If there is a corresponding pattern, we
proceed as follows: If, for example, SCJ corresponds to the start of an employment spell
in the calendar data, H-LFS, we assign the value ’employment’ from the starting point of
the employment spell in H-LFS until the month of the interview.
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B Coding Rules
SOEP label for spell type in the “artkalen” file re-coded
Full-Time Employment Employment (E)
Short Work Hours Employment (E)
Part-Time Employment Employment (E)
Vocational Training Employment (E)
Unemployment Unemployment (U)
Retired Inactivity (I)
Maternity Leave Inactivity (I)
School, College Inactivity (I)
Military, Community Service Inactivity (I)
Housewife, Husband Inactivity (I)
Second Job Employment (E)
Other Inactivity (I)
First Job Training, Apprenticeship Employment (E)
Continuing Education, Retraining Inactivity (I)
Mini-Job (up to 400 Euro/month) Employment (E)
Gap Gap
Table 1: Re-coding of SOEP spell types
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C Mathematical Details
∆ut =∆u¯t
(st−1 + ft−1)(st + ft)
(st + ft)2 + (st−1 + ft−1)
+ ∆ut−1
(st + ft)
(st + ft)2 + (st−1 + ft−1)
∆ut =
∆u¯t
u¯t−1
st−1(st + ft)
(st + ft)2 + (st−1 + ft−1)︸ ︷︷ ︸
Ft
+∆ut−1
(st + ft)
(st + ft)2 + (st−1 + ft−1)︸ ︷︷ ︸
Gt
∆ut =
∆u¯t
u¯t−1
Ft + ∆ut−1Gt
∆u¯t
u¯t−1
=C¯St − C¯Ft
∆ut =
(
C¯St − C¯Ft
)
Ft + ∆ut−1Gt
∆ut =
(
C¯St − C¯Ft
)
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[
Ft−1
(
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+Gt−1∆ut−2
]
Gt
∆ut =FtC¯St +
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(
i−1∏
k=0
Gt−k
)
︸ ︷︷ ︸
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(
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)
︸ ︷︷ ︸
CFt
CSt =FtC¯St +GtCSt−1
CFt =− FtC¯Ft −GtCFt−1
∆ut =CSt + CFt
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D Results — Tables
D.1 Descriptive Statistics — First Moments
Full German Foreigners Males Females Young Prime-Age Old Low HighSample Sample Skilled Skilled
N 9,044 7,577 1,467 3,720 3,857 1,599 3,808 2,169 4,816 2,756
U 5.3% 4.6% 12.1% 4.1% 5.4% 5.0% 3.4% 7.0% 5.9% 2.5%
S 0.3% 0.3% 0.4% 0.3% 0.3% 0.5% 0.3% 0.3% 0.3% 0.3%
F 6.2% 7.1% 2.7% 7.4% 6.6% 10.2% 8.5% 3.0% 5.2% 13.8%
EU 0.3% 0.3% 0.3% 0.3% 0.2% 0.4% 0.2% 0.2% 0.3% 0.3%
EIU 0.1% 0.1% 0.1% 0.0% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0%
UE 5.1% 5.9% 1.8% 6.7% 5.2% 8.6% 7.8% 2.7% 4.0% 11.1%
UIE 1.1% 1.1% 0.9% 0.7% 1.4% 1.6% 0.8% 0.3% 1.2% 2.8%
(a) West-Germany
Full *** *** Males Females Young Prime-Age Old Low HighSample *** Skilled Skilled
N 67,045 *** *** 32,286 34,759 12,669 37,598 16,045 46,582 20,429
U 5.6% 5.7% 5.5% 11.6% 4.7% 3.6% 7.1% 2.8%
S 3.0% 3.1% 2.9% 7.6% 2.3% 1.8% 3.7% 1.6%
F 60.5% 60.5% 57.8% 66.2% 54.6% 57.3% 56.1% 66.6%
EU 2.0% 2.3% 1.7% 4.2% 1.7% 1.2% 2.6% 1.2%
EIU 0.9% 0.8% 1.1% 3.4% 0.6% 0.6% 1.1% 0.3%
UE 43.2% 47.2% 39.4% 49.8% 39.6% 37.1% 41.1% 59.7%
UIE 17.3% 13.4% 18.5% 16.4% 14.9% 20.2% 15.0% 6.9%
(b) United States
Table 2: The table shows the means of the unemployment rate and the corresponding transition rates for West-Germany and the United States, respectively.
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D.2 Descriptive Statistics — Second Moments
Full German Foreigners Males Females Young Prime-Age Old Low HighSample Sample Skilled Skilled
σ(U) 8.6% 9.1% 8.6% 9.1% 11.0% 11.0% 11.6% 8.8% 9.1% 14.0%
σ(S) 11.8% 12.3% 20.1% 11.4% 17.5% 11.7% 13.6% 20.9% 14.1% 16.1%
σ(F ) 8.3% 8.3% 20.9% 11.4% 10.5% 12.5% 12.3% 20.4% 10.9% 12.4%
σ(EU) 11.3% 11.3% 22.3% 11.4% 17.8% 12.2% 13.5% 20.2% 13.5% 17.1%
σ(EIU) 21.2% 24.5% 58.0% 26.1% 25.9% 37.7% 31.9% 78.2% 32.3% 30.7%
σ(UE) 9.6% 9.6% 23.0% 13.0% 12.7% 13.7% 14.6% 22.6% 12.7% 13.1%
σ(UIE) 17.2% 17.4% 43.3% 27.3% 25.5% 33.7% 28.6% 28.3% 19.9% 34.3%
(a) West-Germany
Full *** *** Males Females Young Prime-Age Old Low HighSample *** Skilled Skilled
σ(U) 9.9% 11.3% 8.3% 7.2% 11.3% 12.1% 9.3% 12.3%
σ(S) 2.8% 4.1% 2.4% 2.3% 3.9% 4.8% 2.6% 4.5%
σ(F ) 10.2% 10.8% 9.7% 8.9% 10.6% 12.1% 10.0% 12.3%
σ(EU) 3.5% 4.9% 3.0% 3.0% 4.6% 5.5% 3.6% 4.8%
σ(EIU) 2.3% 3.1% 2.8% 3.8% 2.6% 5.2% 2.4% 5.4%
σ(UE) 10.7% 11.0% 10.5% 9.8% 10.6% 12.7% 10.3% 12.6%
σ(UIE) 9.3% 10.6% 8.6% 7.8% 11.1% 11.6% 9.8% 11.3%
(b) United States
Table 3: The table shows the standard deviations of the unemployment rate and the corresponding transition rates for West-Germany and the United States, respectively. In
order to facilitate comparison with the literature, all time series are time-aggregated to a quarterly frequency and de-trended using the Hodrick & Prescott (1997) filter with
λ = 1600.
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D.3 Dynamic Decomposition — Difference Specification
Full German Foreigners Males Females Young Prime-Age Old Low HighSample Sample Skilled Skilled
βU 0.83 (0.03) 0.81 (0.03) 0.61 (0.03) 0.72 (0.03) 0.78 (0.03) 0.77 (0.02) 0.70 (0.03) 0.68 (0.05) 0.69 (0.03) 0.74 (0.03)
βS 0.59 (0.02) 0.60 (0.02) 0.57 (0.03) 0.58 (0.02) 0.62 (0.03) 0.45 (0.03) 0.57 (0.02) 0.60 (0.03) 0.55 (0.02) 0.56 (0.03)
βF 0.40 (0.02) 0.38 (0.02) 0.38 (0.03) 0.40 (0.02) 0.38 (0.03) 0.53 (0.03) 0.42 (0.02) 0.33 (0.03) 0.42 (0.02) 0.44 (0.03)
βEU 0.47 (0.02) 0.46 (0.02) 0.52 (0.03) 0.55 (0.02) 0.46 (0.02) 0.37 (0.03) 0.47 (0.02) 0.51 (0.03) 0.46 (0.02) 0.51 (0.03)
βEIU 0.12 (0.01) 0.15 (0.01) 0.05 (0.01) 0.03 (0.01) 0.16 (0.02) 0.08 (0.02) 0.10 (0.01) 0.10 (0.01) 0.09 (0.01) 0.05 (0.01)
βUE 0.31 (0.01) 0.32 (0.02) 0.13 (0.03) 0.34 (0.02) 0.28 (0.02) 0.42 (0.03) 0.41 (0.02) 0.36 (0.03) 0.31 (0.02) 0.34 (0.03)
βUIE 0.09 (0.02) 0.06 (0.02) 0.24 (0.03) 0.07 (0.02) 0.10 (0.02) 0.11 (0.03) 0.01 (0.02) -0.02 (0.03) 0.11 (0.02) 0.10 (0.03)
(a) West-Germany
Full *** *** Males Females Young Prime-Age Old Low HighSample *** Skilled Skilled
βU 0.98 (0.01) 1.00 (0.01) 0.89 (0.01) 0.89 (0.03) 0.98 (0.01) 0.89 (0.02) 0.98 (0.01) 0.93 (0.01)
βS 0.20 (0.01) 0.27 (0.01) 0.10 (0.02) 0.13 (0.03) 0.26 (0.01) 0.28 (0.02) 0.19 (0.01) 0.26 (0.02)
βF 0.80 (0.01) 0.73 (0.01) 0.90 (0.02) 0.87 (0.03) 0.74 (0.01) 0.72 (0.02) 0.81 (0.01) 0.74 (0.02)
βEU 0.19 (0.01) 0.23 (0.01) 0.10 (0.02) 0.07 (0.02) 0.22 (0.01) 0.22 (0.02) 0.18 (0.01) 0.23 (0.02)
βEIU 0.02 (0.01) 0.04 (0.01) 0.00 (0.01) 0.06 (0.02) 0.04 (0.00) 0.06 (0.01) 0.00 (0.01) 0.03 (0.01)
βUE 0.63 (0.01) 0.56 (0.01) 0.62 (0.02) 0.67 (0.02) 0.53 (0.01) 0.48 (0.02) 0.59 (0.01) 0.66 (0.02)
βUIE 0.16 (0.01) 0.17 (0.01) 0.27 (0.02) 0.19 (0.02) 0.21 (0.01) 0.24 (0.02) 0.22 (0.01) 0.08 (0.02)
(b) United States
Table 4: The table summarizes the dynamic contributions of changes in the total inflow rate and the total outflow rate to the variability in the actual unemployment rate.
The βX value is equivalent to the coefficient of an univariate regression of Xt on Ut, which we use to compute the standard errors.
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D.3.1 Dynamic Decomposition — Bandpass Filter Specification
Full German Foreigners Males Females Young Prime-Age Old Low HighSample Sample Skilled Skilled
βU 0.94 (0.01) 0.95 (0.01) 0.73 (0.02) 0.92 (0.01) 0.96 (0.01) 0.77 (0.01) 0.90 (0.01) 1.23 (0.03) 0.97 (0.01) 0.89 (0.01)
βS 0.62 (0.01) 0.64 (0.01) 0.53 (0.02) 0.64 (0.02) 0.60 (0.01) 0.55 (0.02) 0.67 (0.01) 0.59 (0.02) 0.60 (0.01) 0.62 (0.01)
βF 0.38 (0.01) 0.36 (0.01) 0.47 (0.02) 0.36 (0.02) 0.40 (0.01) 0.45 (0.02) 0.33 (0.01) 0.42 (0.02) 0.40 (0.01) 0.38 (0.01)
βEU 0.54 (0.01) 0.54 (0.01) 0.53 (0.02) 0.62 (0.02) 0.46 (0.01) 0.43 (0.02) 0.62 (0.01) 0.56 (0.02) 0.54 (0.01) 0.60 (0.01)
βEIU 0.08 (0.00) 0.10 (0.00) 0.00 (0.00) 0.01 (0.00) 0.14 (0.01) 0.12 (0.01) 0.05 (0.00) 0.03 (0.00) 0.06 (0.00) 0.01 (0.00)
βUE 0.25 (0.01) 0.23 (0.01) 0.25 (0.02) 0.27 (0.02) 0.24 (0.01) 0.39 (0.02) 0.25 (0.01) 0.40 (0.02) 0.22 (0.01) 0.24 (0.01)
βUIE 0.14 (0.01) 0.13 (0.01) 0.22 (0.02) 0.10 (0.02) 0.16 (0.01) 0.06 (0.02) 0.07 (0.01) 0.02 (0.02) 0.18 (0.01) 0.14 (0.01)
(a) West-Germany
Full *** *** Males Females Young Prime-Age Old Low HighSample *** Skilled Skilled
βU 0.96 (0.00) 1.01 (0.00) 1.00 (0.00) 1.03 (0.00) 1.00 (0.00) 0.99 (0.00) 1.03 (0.00) 0.97 (0.00)
βS 0.19 (0.01) 0.27 (0.01) 0.07 (0.01) 0.07 (0.01) 0.25 (0.01) 0.27 (0.01) 0.19 (0.01) 0.22 (0.01)
βF 0.81 (0.01) 0.73 (0.01) 0.93 (0.01) 0.93 (0.01) 0.75 (0.01) 0.73 (0.01) 0.81 (0.01) 0.78 (0.01)
βEU 0.16 (0.01) 0.23 (0.01) 0.05 (0.01) 0.08 (0.00) 0.21 (0.01) 0.18 (0.00) 0.17 (0.01) 0.19 (0.01)
βEIU 0.04 (0.00) 0.04 (0.00) 0.03 (0.00) -0.01 (0.00) 0.04 (0.00) 0.09 (0.00) 0.02 (0.00) 0.03 (0.00)
βUE 0.59 (0.01) 0.56 (0.01) 0.66 (0.01) 0.73 (0.00) 0.53 (0.01) 0.47 (0.00) 0.59 (0.01) 0.70 (0.01)
βUIE 0.22 (0.01) 0.17 (0.01) 0.26 (0.01) 0.20 (0.00) 0.22 (0.01) 0.26 (0.00) 0.22 (0.01) 0.08 (0.01)
(b) United States
Table 5: The table summarizes the dynamic contributions of changes in the total inflow rate and the total outflow rate to the variability in the actual unemployment rate
(note that all frequencies higher than eight years were filtered out prior to estimation). The βX value is equivalent to the coefficient of an univariate regression of Xt on Ut,
which we use to compute the standard errors.
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D.4 Matching Function Estimation
Variable No Benchmark Vacancies & ∆GDP UE-Rate lagged lagged 2000 2000-09Dummy Specification U’ment Tightness Outflows old data new data
Tightness 0.20∗∗∗ 0.32∗∗∗ 0.35∗∗∗ 0.30∗∗∗ 1.85∗∗∗ 0.03∗∗ 0.28∗∗∗ 0.28∗∗∗
Tightness(-1) −1.58∗∗∗
Vacancies 0.23∗∗∗
Unemployment −0.45∗∗∗
Outflows(-1) 0.89∗∗∗
Young 3.19∗∗∗ 2.51∗∗∗ 2.70∗∗∗ 2.48∗∗∗ 2.68∗∗∗ 2.05∗∗∗ 0.29∗∗
Old −2.82∗∗∗ −3.45∗∗∗ −3.60∗∗∗ −3.61∗∗∗ −3.72∗∗∗ −2.45∗∗∗ −0.47∗∗∗
Women 0.82∗∗ −0.66 −0.71 −0.83 −0.76 −0.20 −0.19∗
Education 4.19∗∗∗ 3.48∗∗∗ 4.15∗∗∗ 3.47∗∗∗ 3.73∗∗∗ 2.54∗∗∗ 0.46∗∗
∆ GDP −5.83
Dummy 0.23∗∗∗ 0.26∗∗∗ 0.26∗∗∗ 0.31∗∗∗ 0.12∗∗ 0.04∗∗∗ 0.12∗∗∗ 0.19∗∗∗
R2 0.86 0.89 0.89 0.89 0.84 0.90 0.97 0.62 0.67
DWS 0.20 0.28 0.30 0.30 0.26 0.25 1.86 0.27 0.35
Table 6: The table displays the coefficients of the estimated matching function. Stars (∗,∗∗,∗ ∗ ∗) indicate significance at the 90%, 95%, and 99% level, respectively.
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D.5 Results — Figures
Level Differences
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Figure 1: The figure compares the annual West-German unemployment rate according to the ILO definition
(blue dashed line), the unemployment rate in our SOEP sample (red solid line), and the official West-German
unemployment rate (black solid line). See Footnote (11) for the source of the recession dates and more details on
the series.
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Figure 2: Monthly transition rate from unemploy-
ment to employment, depending on unemployment
duration in months. Evidence for the United States
is provided by Shimer (2008, Figure 1).
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Figure 3: Labor force participation rates in West-
Germany (blue) and the United States (red) over
the life-cycle. The bold section denotes the country-
specific prime-age cohorts. The dashed sections de-
note the young and the old cohorts, respectively.
West-Germany United States
In
flo
w
s
1985 1990 1995 2000 2005
0
2
4
6
8
x 10−3
 
 
Raw Reconciled ME Adjusted Final
1985 1990 1995 2000 2005
0
0.01
0.02
0.03
0.04
 
 
Reconciled ME Adjusted Final
O
ut
flo
w
s
1985 1990 1995 2000 2005
0
0.02
0.04
0.06
0.08
0.1
0.12
 
 
Raw Reconciled ME Adjusted Final
1985 1990 1995 2000 2005
0
0.2
0.4
0.6
0.8
 
 
Reconciled ME Adjusted Final
Figure 4: The graph illustrates the raw transition rates (black dotted line, West-Germany only), the reconciled
rates (blue dashed-dotted line), the margin error adjustment rates (green dashed line), and the final transition rates
(red solid line), for West-Germany (left panel) and the United States (right panel), respectively. See Footnote (11)
for the source of the recession dates.
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Figure 5: The graph contrasts the unemployment rate (blue dashed line) with the total inflow rate (red solid
line, top panel) and the total outflow rate (red solid line, bottom panel), respectively. See Footnote (11) for the
source of the recession dates.
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Figure 6: The graph illustrates the actual (blue dashed line) and the steady state (red solid line) unemployment
rate in levels (top panel) and in first differences (bottom panel), for West-Germany (left panel) and the United
States (right panel), respectively. See Footnote (11) for the source of the recession dates.
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Figure 7: The graph illustrates the actual (blue dashed line) and the model generated (red solid line) unem-
ployment rate in levels (top panel) and in first differences (bottom panel), for West-Germany (left panel) and the
United States (right panel), respectively. See Footnote (11) for the source of the recession dates.
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Figure 8: The graph illustrates the contributions of the total inflow rate (red solid line, top panel) and the total
outflow rate (red solid line, bottom panel) to changes in the model generated unemployment rate (blue dashed
line), for West-Germany (left panel) and the United States (right panel), respectively. See Footnote (11) for the
source of the recession dates.
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Figure 9: The top panel contrasts the unemployment rate (blue dashed line) with the total inflow rate (red solid
line, top panel) and the total outflow rate (red solid line, bottom panel), respectively, for West-Germany (left
panel) and the United States (right panel). Note that all frequencies higher than eight years were filtered out. See
Footnote (11) for the source of the recession dates.
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Figure 10: The graph illustrates the contributions of the total inflow rate (red solid line, top panel) and the total
outflow rate (red solid line, bottom panel) to changes in the model generated unemployment rate (blue dashed
line), for West-Germany (left panel) and the United States (right panel), respectively. Note that all frequencies
higher than eight years were filtered out prior to estimation. See Footnote (11) for the source of the recession
dates.
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Figure 11: The graph illustrates the OECD overall
index “strictness of employment protection for West-
Germany (blue dashed line) and the United States
(red line).
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Figure 12: The graph illustrates the 95% confi-
dence bands of the relative contributions of inflows
(blue dashed line) and outflows (red solid line) using
an eight-year rolling window and the point estimates
over the whole sample period (dotted lines).
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Figure 13: The left panel displays the Hodrick & Prescott (1997) cyclical components of the total inflow rate
(blue dashed line) and the total outflow rate (red solid line), respectively. The right panel displays the time-varying
standard deviation of these two series, which is estimated using an eight-year rolling window.
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Log Series Fitted Values
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Figure 14: The top right panel illustrates the log total outflow rate (blue dashed line) and log labor market
tightness (red solid line). The top level panel contrasts the log total outflow rate (blue dashed line) and the
fitted values (red solid line) corresponding to column 2 in Table (6). The remaining panels show the evolution
of the fraction of young/old/female/high-skilled labor force members and the corresponding bandpass trend (all
frequencies below eight years are removed). Given that the SOEP adjusts the individual weights to the marginal
distributions of age, gender, and nationality, but not to the skill level, the share of high-skilled individuals exhibits
implausible jumps when new innovation/refreshment samples are added. We smooth out these jumps prior to
applying the default Christiano & Fitzgerald (2003) bandpass filter.
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